The grain drying process is characterized by its complex and non-linear nature. As a result, conventional control system design cannot handle this process appropriately. This work presents an intelligent control system for the grain drying process, utilizing the capabilities of the adaptive neuro-fuzzy inference system (ANFIS) to model and control this process. In this context, a laboratory-scale conveyor-belt grain dryer was specifically designed and constructed for this study. Utilizing this dryer, a real-time experiment was conducted to dry paddy (rough rice) grains. Then, the input-output data collected from this experiment were presented to an ANFIS network to develop a control-oriented dryer model. As the main controller, a simplified proportional-integral-derivative (PID)-like ANFIS controller is utilized to control the drying process. A real-coded genetic algorithm (GA) is used to train this controller and to find its scaling factors. From the robustness tests and a comparative study with a genetically tuned conventional PID controller, the simplified ANFIS controller has proved its remarkable ability in controlling the grain drying process represented by the developed ANFIS model.
INTRODUCTION
Post-harvest technology plays an important role in modern agricultural production. One of the most critical post-harvest operations is the grain drying process. This process should be conducted immediately after harvesting in order to prevent grain deterioration caused by high moisture conditions encountered in the harvest period. Efficient control of the drying process is an indispensable requirement, especially in the light of recent demands for handling the latest increases in energy costs, achieving the current requirement for eco-friendly technologies, and producing products of high quality [1, 2] . However, control of grain drying processes has received little attention in the field of process control. The major reason for this issue can be attributed to the complexity of the modelling process in grain drying systems. In general, the heat and mass transfer equations that describe the dynamic behaviour of the drying system consist of sets of highly complex and non-linear partial differential equations (PDEs) with several auxiliary algebraic equations that involve transfer coefficients and thermophysical properties. Consequently, these models require highly complicated numerical techniques to solve them. As a result, the complexity of these drying models and their numerical techniques render them undesirable options in control system design. For example, Kiranoudis et al. [3] developed a mathematical model for a conveyor-belt grain dryer. The authors have made some assumptions in order to simplify the derivation of this dryer model. As a result, 17 equations, including PDEs, ordinary differential equations (ODEs), and several algebraic equations, were used to constitute the non-linear mathematical model of this dryer. Consequently, a highly complicated numerical technique was used to simulate this model. Utilizing this model, several linear transfer function (TF) models were fitted on the simulated data. These TFs were then used to design linear controllers for the drying process. In a later work, Kiranoudis et al. [4] developed a more comprehensive model for the same dryer, but this time acting as a multi-input multi-output (MIMO) model. This MIMO model comprised 25 equations, including PDEs, ODEs, and algebraic equations. Using the same control design method, the authors developed linear TFs from this MIMO model in order to design linear controllers for the dryer. Farias et al. [5] presented a mathematical model for a conveyor-belt grain dryer. Their model consisted of four PDEs and several algebraic equations. The finite-volume method was used to solve this dryer model numerically. As a first-order PDE model, Zanoelo et al. [6] proposed a semi-empirical model to describe the drying process in a conveyor-belt dryer to dry mate leaves. The numerical method of lines was used to solve this model. Based upon this model, the performances of a proportionalintegral-derivative (PID) and a proportionalintegral (PI) controller were theoretically tested in controlling this process. A drawback of the previously mentioned works is that the authors have made several simplifications in developing the dryer model based on some assumptions and observations. These simplifications are expected to affect the performance of these models and, consequently, their reliability in representing the real process when using these models for control purposes. Moreover, the complicated numerical methods used to simulate these models add more complexity to the control system design. In order to alleviate this problem, this work utilizes a more attractive modelling approach -which is based on the capabilities of the neuro-fuzzy systems, in particular the adaptive neuro-fuzzy inference system (ANFIS) network -to model the grain drying process. This modelling approach which is increasingly becoming a viable alternative in situations where the system model is either unavailable or unsuitable to be applied in control system design [7] , as in the case of the grain drying systems. In particular, neuro-fuzzy modelling is based on the extraction of models from the numerical data of the real system. In this case, the resulting models have sufficient accuracy and simplicity that qualify them to be easily applied in control system design. Another observation from the previous works is that the conventional PID controller is still, almost exclusively, used to control the conveyor-belt dryer operation [6] despite the complexity and non-linearity of this process. In order to improve the control system of this process, a more reasonable choice is to utilize a more advanced controller that can cope with the complexity and non-linearity inherited in the grain drying process. In this work, a simplified ANFIS structure [8] is used as a PID-like feedback controller to control the grain drying process. This simplified ANFIS controller requires less processing time and memory resources compared to the conventional ANFIS controller. The hybrid learning method, which is widely used to train the ANFIS network, requires a teaching signal in its operation. This teaching signal is not easily available when the ANFIS network is to be trained as a feedback controller. Therefore, the genetic algorithm (GA), which does not require a teaching signal, is used in this work to train the ANFIS network as a feedback controller.
The rest of this paper is organized as follows. Section 2 describes the experimental set-up of the grain dryer. In section 3, the development of the ANFIS model to represent the grain drying process is explained in detail. Section 4 introduces the structure of the simplified ANFIS controller. Section 5 discusses the implementation of the GA to train this controller. The simulation results are presented in section 6 and, finally, section 7 gives the conclusions.
EXPERIMENTAL SET-UP OF THE CONVEYOR-BELT GRAIN DRYER
The laboratory-scale conveyor-belt grain dryer under consideration has been designed and constructed at University Putra Malaysia (UPM) for research purposes. The first performance test for this dryer was performed in September 2009. This conveyor-belt grain dryer is shown in Fig. 1 . As can be seen from this figure, the dryer is rectangular in shape and consists of a conveyor belt that is made of a perforated metal to permit the drying air to reach the grains distributed over the surface of the belt. A blower unit supplies the ambient air through a pipe to an electric heater, which is located under the conveyor-belt. This electric heater heats up the ambient air coming from the blower and distributes it evenly through a net of pipes located under the conveyor belt. A motor is connected through a gearbox to the conveyor belt to provide the required speed for the belt. This speed is proportional to the input voltage applied to the driver of the motor. The conveyor-belt grain dryer is linked to a PC via a data acquisition system (DAQ), in particular an NI USB-6211 DAQ manufactured by National Instruments, in order to specify the required belt speed from the PC. For this purpose, a simple code has been written using Lab-VIEW software to manipulate the belt speed. As already mentioned, paddy (or rough rice) grains are used in this study. In order to measure the moisture content (MC) of these grains at the outlet of the dryer, a calibrated moisture analyser, specifically the XM 120 Moisture Analyzer manufactured by Precisa Instruments AG, has been used in this work. This moisture analyser is a reliable device to measure the MC by the thermogravimetric principle.
In order to conduct the data collection experiment, paddy grains were re-wetted by adding a calculated weight of water to the grains in order to bring them up to the desired MC, which was 18 per cent wet basis (wb) in this work. Prior to starting the drying experiment, the operating conditions for the dryer have been set to their final values by specifying the air flowrate from the blower and the air temperature from the heater. A calibrated anemometer was then utilized to measure these drying air conditions at the surface of the conveyor belt, indicating an air flowrate of about 1.73 m/s and an air temperature of about 72°C. After some experiments with the dryer, these drying conditions were found to be adequate for drying the paddy grains in the laboratory-scale dryer under consideration. These system variables were fixed throughout the entire experiment and the only variable that was allowed to change was the manipulated variable, more specifically the voltage to the motor that determines the conveyor-belt speed for a given sample.
The data collection experiment was conducted according to the following procedure. For each batch in the experiment, a sample of approximately 5 g of paddy, which is the weight recommended to be used for accurate measurement by the moisture analyser, with an initial MC of about 17 per cent wb is placed at the start of the conveyor belt and distributed evenly to form a thin layer of paddy grains. Then a certain voltage is applied to the motor according to the prespecified input sequence in order to obtain the desired belt speed, i.e. the desired residence time, for the current sample. When the sample reaches the end of the belt it is collected and placed directly in the moisture analyser to measure its MC in wb. By repeating this procedure for all the samples in this experiment, a total of 50 data samples were collected from the dryer to be used in developing the desired ANFIS model by the system identification technique. This number of samples was found to be adequate to produce good modelling performance by the ANFIS model, as will be seen in the next section.
DEVELOPMENT OF THE ANFIS MODEL
The process of constructing a model to predict the behaviour of a target system is referred to as system identification [9] . In system identification, it is necessary to provide a suitable input signal to excite the system dynamics and consequently to obtain the required input-output training data to develop the desired model. The input signal used in this work involves a sequence of step changes in the manipulated variable (input voltage that determines Fig. 1 The laboratory-scale conveyor-belt grain dryer Non-linear modelling and control of a conveyor-belt grain dryer utilizing neuro-fuzzy systemsthe motor speed) within the maximum and minimum voltages that correspond to the system operating region, as will be seen later in Fig. 3(a) . In order to use the ANFIS network as an identifier, the first step is to select the input variables to the ANFIS network. In this work, the procedure for selecting these input variables was conducted by initially partitioning the real system data into two groups of input candidates, as follows Output ¼ y p ðk À 1Þ; y p ðk À 2Þ; y p ðk À 3Þ; y p ðk À 4Þ Input ¼ uðk À 1Þ; uðk À 2Þ; uðk À 3Þ; uðk À 4Þ uðk À 5Þ; uðk À 6Þ where y p (k 2 i), i = 1 to 4, and u(k 2 i), i = 1 to 6, represent the past ith output and the past ith input, respectively, of the real data collected from the dryer.
These input-output data have been tested and found to comply with the causality principle. In particular, the concept of Granger causality (or G-causality) presented in reference [10] has been adopted for this purpose. According to G-causality, a variable X 1 'Granger causes' a variable X 2 if information in the past of X 1 helps predict the future of X 2 with better accuracy than is possible when considering only information in the past of X 2 itself [10, 11] . In addition, from several tests, the two sets of input and output variables mentioned above were found to produce the best modelling results by the ANFIS network for the real system data considered in this work. Each variable in both of these two groups represents a possible input variable to the ANFIS model. Next, in order to obtain the model output,ŷ p ðkÞ, to estimate the real system output, y p (k), the sequential forward search approach proposed by Jang [9] was used to select the input variables for the ANFIS model. This approach is based on treating all the input candidates (each variable in the above two groups) equally and selecting the best input variables sequentially utilizing a greedy policy. As a result, the variables y p (k 2 1), u(k 2 2), and u(k 2 4) were selected by this selection approach to be the input variables to the ANFIS model in this work. As mentioned earlier, the original dataset from the real system contains 50 [u(k), y p (k)] data pairs. To use the selected variables (y p (k 2 1), u(k 2 2), and u(k 2 4)) as the input variables to the ANFIS model, the original dataset was converted in such a way that makes each data sample consist of
, where the last variable, y p (k), is the desired output.
After selecting the input variables to the ANFIS network, the next modelling task is to select the ANFIS structure, i.e. the number of input membership functions (MFs) and the number of fuzzy rules in the ANFIS structure. In this regard, the ANFIS network provides an important property to handle the modelling task by learning the information inherited in the dataset using clustering techniques. For this purpose, the fuzzy c-means (FCM) clustering method is adopted in this work to determine the ANFIS structure from the conveyor-belt grain dryer data. An important advantage of this clustering method is that the resultant fuzzy rules are more tailored to the training data compared to the situation in which the ANFIS structure is generated without clustering. Moreover, from many simulation tests, this technique was found to produce the best modelling performance for the ANFIS structure compared to other structure determination methods. The FCM clustering, also called fuzzy ISODATA, is a data clustering algorithm in which each data point belongs to a cluster to a degree specified by a membership grade [12, 13] . In this algorithm, a collection of n vector X i , i = 1, ., n, is partitioned into c fuzzy groups; then a cluster centre is found in each group such that a cost function of a dissimilarity (or distance) measure is minimized. The procedure of the FCM clustering algorithm can be found in reference [12] . The function genfis3 in MATLAB software can be used to generate an initial ANFIS structure from data utilizing the FCM clustering method [14] . In this way, the shape (centre and width) of each MF is determined from the corresponding fuzzy cluster generated by the FCM clustering method. In addition, the number of rules is equal to the number of clusters in the resultant ANFIS structure. In this work, seven clusters were used to generate the initial ANFIS structure and this number of clusters was found to be sufficient to produce a satisfactory modelling result for the real system data. As a result of this process, a first-order Sugeno fuzzy model with seven Gaussian MFs for each input variable, seven rules, and seven consequent parameters was generated for the initial ANFIS structure. After generating the initial ANFIS structure, the next step is to optimize the parameters of this structure in order to achieve the desired modelling result. This parameter optimization process can be achieved by applying the hybrid learning method proposed by Jang [15] . In this work, the MATLAB function anfis was used to perform this hybrid training method for the initial ANFIS structure. The root mean squared error (RMSE) criterion was utilized to evaluate the ANFIS modelling performance, and is described by the following equation
where N is the number of training samples and y p (k) andŷ p ðkÞ are the real system output and the corresponding ANFIS model output at sample k respectively. The final ANFIS model obtained after applying the hybrid learning method for 1500 epochs is shown in Fig. 2 . Figure 3 shows the input signal to the dryer and its corresponding output response together with the performance of the ANFIS network in modelling this conveyor-belt grain dryer. As can be seen from Fig. 3(b) , it is obvious that the ANFIS model has achieved a good fit to the real system output with a 1.6 3 10 23 RMSE, and hence it can be readily used for control purposes to design a suitable control system for the grain drying process.
STRUCTURE OF THE SIMPLIFIED PID-LIKE ANFIS CONTROLLER
A conventional fuzzy reasoning system, with n inputs each partitioned into p fuzzy sets, requires p n rules to construct the fuzzy inference system (FIS) for a specific application. In particular, the ANFIS network is based on the Sugeno fuzzy models, which can be either zero-order or first-order models depending on the consequent part of the fuzzy rules. For both of these models, the total number of fitting parameters in the ANFIS structure is given by f n, p, m ð Þ= npm + p n n + 1 ð Þ for the first-order Sugeno fuzzy model (2) f n, p, m ð Þ= npm + p n for the zero-order Sugeno fuzzy model (3) where m is the number of fitting parameters per MF [16] . The zero-order Sugeno fuzzy model is used in this work since it requires a lower number of parameters compared to the first-order model. Therefore, if three inputs, seven fuzzy sets per input, and two fitting parameters per MF are used, the resulting number of parameters will be 385. Of course, with this number of parameters, it will not be an easy task for any optimization technique to find the optimal values for these parameters in terms of accuracy and computational complexity. The so-called 'curse of dimensionality' can be clearly concluded from the p n term included in equations (2) and (3) above. In this work, in order to overcome this dimensionality problem, the ANFIS structure shown in Fig. 4 is used [8] .
In this figure, the input variables x 1 , x 2 , and x 3 represent the error of the plant being controlled, the error rate of change, and the summation of errors respectively, while the output variable, y, represents the control action of this ANFIS controller. For each of the three input variables to the ANFIS controller, seven MFs are used. In the following discussion to describe the function of each layer in the ANFIS structure, the output of the ith node in layer k is expressed as O k,i .
Layer 1. The function of each node in this layer is to assign the degree of membership for each input variable to the ANFIS network. More specifically, the function of each node is defined by the following
In this work, the bell-shaped activation functions are used to represent the MFs for each input variable. These bell-shaped functions have the following definition
where x k , k = 1, 2, 3, represents the input variables after multiplying them by the input scaling factors (c 1 , c 11 , and c 111 ), as indicated in Fig. 4 . C Layer 2. Each node in this layer is in charge of generating the firing strength of the corresponding
Fig. 2 Block diagram of the final ANFIS model
Non-linear modelling and control of a conveyor-belt grain dryer utilizing neuro-fuzzy systemsfuzzy rule by using the multiplication operation for fuzzy inferencing. As indicated in Fig. 4 , in this simplified ANFIS structure, only seven rules are utilized in the rule layer, instead of the 343 rules used in the conventional ANFIS structure (see equation (3)). Therefore, the output of layer 2 is expressed by
Layer 3. This layer also has seven nodes. The task of the ith node in this layer is to find the ratio of the ith rule's firing strength to the sum of the firing strengths of all the rules, as indicated by the following expression
, where i = 1 to 7 (7)
Layer 4. As in layers 2 and 3, this layer has seven nodes as well. The function of each node is to multiply the corresponding output from layer 3 by the consequent parameter of the ANFIS structure. The node output is given by 
where i = 1 to 7, w i is the ith output from layer 3, and k 0i is the ith consequent parameter.
Layer 5. In this layer, there is only one node, whose task is to calculate the overall output as follows
Finally, O 5 is multiplied by the output scaling factor, c 2 , to produce the final output of this controller, as expressed by the following
As a result, the total number of parameters required to represent this ANFIS structure will be 49 parameters, instead of the 385 parameters required in the conventional ANFIS structure. This change dramatically reduces the computing time of the optimization process without sacrificing the controller performance [8] .
IMPLEMENTATION OF THE REAL-CODED GA TO TRAIN THE SIMPLIFIED ANFIS CONTROLLER
Utilizing the MATLAB software, a specific program has been written in an m-file to implement the real-coded GA for training the simplified ANFIS network as a feedback controller. Each chromosome in the GA contains 53 genes, representing all the ANFIS parameters. These genes are summarized as: 3 genes for the input scaling factors, 1 gene for the output scaling factor, 42 genes for the antecedent parameters, and 7 genes for the consequent parameters of the ANFIS structure. The universe of discourse (UOD) for each input variable was chosen to be from 26 to 6, keeping in mind that other ranges can also be used since there are input and output scaling factors. The real-coded GA used in this work includes four operators, namely hybrid selection, elitism, crossover, and mutation operators [17] . The hybrid selection operator [18] is a combination of roulette wheel and deterministic selection. For a particular generation in this method, only those chromosomes that have better fitness values than the worst individual in the old population are accepted in the new population. In the elitism operator, the best two parents in a given generation are copied directly into the next generation as they are, in order to prevent the best fitness value in a given generation from becoming worse than that in the previous one [19] . In the real-coded crossover operator, a pair of mating chromosomes exchanges information by exchanging a subset of their components, where an integer position k is selected uniformly at random along the chromosome length. Then two new chromosomes are created by swapping all the genes between positions k + 1 and L, where L is the chromosome length [19] . For example, the pair of chromosomes x and y, x = [1, 3, 7, 5, 6] and y = [9, 8, 3, 1, 9] , are crossed over at the fourth digit position to yield x# = [1, 3, 7, 1, 9] and y# = [9, 8, 3, 5, 6 ]. Finally, the task of the realcoded mutation operator is to cause random changes in the components of the new population chromosomes by replacing the mutated 'gene' with another random number selected in the same range assigned for that 'gene'. For instance, the chromosome z = [3, 1, 9, 8, 7 ] is mutated at the second 'gene' to yield: z# = [3, 2, 9, 8, 7] . The genetic learning procedure used to train the simplified ANFIS controller is summarized in the following steps.
Step 1. Initialize the crossover probability (P c ), the mutation probability (P m ), the population size, and the maximum number of generations.
Step 2. Generate randomly the initial population within certain bounds, in which each chromosome represents the entire antecedent and consequent parameters along with the input and output scaling factors for a single ANFIS controller.
Step 3. Evaluate the objective function for each chromosome in the population using the integral 
where e(k) is the error between the desired output and the plant output at sample k, and T is the observation time. Then, for each chromosome, compute the fitness function using the Darwinian fitness equation of the form fitness = 1 e + objective function (12) where e is a small constant chosen to avoid division by zero.
Step 4. Put in descending order all the chromosomes in the current population (i.e. the first one is the fittest). Then apply the elitism strategy described before.
Step 5. From the current population, select two individuals by using the hybrid selection method, and then apply the real-coded genetic operators of crossover and mutation described previously to form two new chromosomes.
Step 6. Put the resulting two chromosomes in the new population.
Step 7. Repeat step 5 until all the chromosomes in the new population are created, i.e. until the new population size is equal to the initial (old) population size.
Step 8. Replace the initial (old) population with the new population.
Step 9. Stop if the maximum number of generations is reached, otherwise increase the generation counter by one and go to step 3.
SIMULATION RESULTS
This section demonstrates the simulation results of controlling the grain drying process, which is represented by the ANFIS model developed in section 3. The simplified PID-like ANFIS controller, described in section 4, is used as a feedback controller to control this process. The control signal from this controller represents the voltage signal applied to the conveyor-belt motor. The control objective is to control the speed of the conveyor belt according to the error signal, and consequently to provide the required residence time for the grains inside the dryer in such a way that the outlet MC is kept at the desired level, in particular the 0.14 wb MC adopted in this work. After a fair amount of simulation tests, the following settings for the GA parameters were found to be sufficient to ensure good training for the ANFIS controller: population size, 30; maximum number of generations, 300; P c , 0.8; and P m , 0.05. Figure 5 shows the simulation results of controlling the grain drying process. Figure 5 (a) indicates that the desired 0.14 wb MC has been achieved with zero steady state error despite some oscillations at the beginning of the drying process. The simplified ANFIS controller has reacted correctly by decreasing its control signal values, i.e. decreasing the belt speed, from 2 V down to the voltage that guarantees a suitable residence time for the grains inside the dryer to achieve the desired 0.14 wb MC, as can be seen from Fig. 5(b) . Figure 5 (c) shows the fast convergence speed accomplished by the GA, where the ISE has settled at its optimal value from the first few generations. Figures 5(d) , (e), and (f) show the final shapes of the MFs, after they have been optimized by the real-coded GA, for the three input variables to the ANFIS controller.
It is worth highlighting the fact that, besides the considered laboratory-scale grain dryer, the modelling and control strategy used in this study can be readily applied to control industrial-scale grain dryers. In particular, unlike the PDE-based models, which rely on the specific dryer size and the type of grains to be dried, the ANFIS-based model does not depend either on the dryer size or on the grain type. Instead, it uses real-system data to develop the desired model. In addition, it is well known that industrial-scale dryers work continuously, and hence online MC sensors can be utilized to provide the required feedback signal for the control system. Similar to the ANFIS modelling procedure followed in this work, suitable control-oriented models can be developed for these dryers utilizing real-system data collected from the online sensors.
Robustness test
Due to the complexity of the grain drying process, there are several disturbances that might affect the normal operation of the drying system. These disturbances include changes in the temperature of the drying air, changes in the flowrate of the drying air, and, most importantly, changes in the initial MC of the grains entering the drying system. The impact of these disturbances can significantly degrade the final product quality. Therefore, the ability of the controller to handle these disturbances represents an important control objective [1] . In this regard, the aim of the two robustness tests made in this section is to assess the ability of the simplified ANFIS controller to deal with such disturbances. It is worth highlighting here that, in the following tests, the disturbances are applied during only the controller testing phase, while they are not included in the training phase, which means that the controller is not trained to deal with these disturbances. In addition, these tests will examine the generalization ability of the developed ANFIS model to deal with input signals not encountered during its training phase.
The first robustness test is made to evaluate the effectiveness of the simplified ANFIS controller to handle the main types of disturbances mentioned before. In particular, a disturbance of 5 per cent in amplitude is applied at the output of the ANFIS model for two samples (samples 30 and 31). This disturbance can be the result of a sudden increase in the initial MC of the grains entering the dryer. Moreover, another disturbance of 25 per cent in amplitude is applied for two samples (samples 60 and 61). This type of disturbance can be the result of a sudden increase in the temperature or the flowrate of the drying air. Figure 6 shows the results of this test. By referring to Fig. 6(a) , it can be seen that, despite the different nature of the two disturbances, the simplified ANFIS controller has managed to achieve the desired outlet MC with zero steady state error after several samples from the effect of each disturbance. On the other hand, Fig. 6(b) indicates that the controller has successfully adapted its control actions to counteract the effect of the two disturbances. Since changes in the initial MC represent the most important disturbances that might affect the grain drying process [1, 20] , the following robustness test aims at evaluating the performance of the controller in dealing with such disturbances when they persistently affect the drying process. Specifically, a disturbance of 3 per cent is applied at the output of the ANFIS model from sample 35 until the end of the drying process (i.e. 35 < k < 100). The results of this test are given in Fig. 7 . Despite the continuous effect of the disturbance in this test, Fig. 7(a) shows that the desired outlet MC has been achieved after several samples from the start of this disturbance. Figure 7 (b) signifies the adaptation in the control signal to cancel out the effect of this disturbance.
A comparative study with the conventional PID controller
As already mentioned, the conventional PID controller is still being used as the main controller in controlling the conveyor-belt dryers [6] . Since the simplified PID-like ANFIS controller is the intelligent version of the conventional PID controller, this section is devoted to comparing the performances of these two controllers in order to demonstrate the improvement resulting from the non-linear nature of the intelligent controller. The conventional PID controller used in this study is described by the following discrete equation [21] Du(kT s ) = K c e(kT s ) 1+
where u(kT s ) = Du(kT s ) + u((k 2 1) T s ), and K c , T D , T I , and T s are the proportional gain, derivative time, integral time, and sampling time respectively. The same real-coded GA, used to train the simplified ANFIS controller, was used to tune the PID parameters, but with the following differences: the maximum number of generations was set to 1000 here, instead of the 300 generations used for the simplified ANFIS controller; in addition, the population size was set to 50, instead of the 30 used before. These settings were made in order to guarantee good tuning for the PID controller to handle the non-linearity of the drying process. After 1000 generations in the GA, the parameters of the best PID controller were found to be K c = 20.1865, T I = 0.0569 s, and T D = 49.975 s. Figure 8 shows the outlet MC of the grain dryer controlled by the PID-like ANFIS controller (solid line) and by the conventional PID controller (dashed line). The superiority of the non-linear PID-like ANFIS controller over the conventional PID controller can be clearly seen from Fig. 8 . In particular, the ANFIS controller has achieved faster tracking to the desired MC with less overshoots and oscillations compared to the conventional PID controller, which causes the outlet MC to take almost half of the observation time to settle at its final value. As already mentioned, the conventional PID controller required 1000 generations in the GA to tune its parameters, against only 300 generations to train the ANFIS controller. This observation further confirms the superiority of the PID-like ANFIS controller over the conventional PID controller in controlling the conveyor-belt grain drying process.
CONCLUSIONS
This paper presented an intelligent control system utilizing the capabilities of neuro-fuzzy systems, in particular the ANFIS network, to model and control the conveyor-belt grain drying process. This process is characterized by its complex and non-linear nature. As a result, the mathematical models developed for this process consist of sets of highly complex and non-linear PDEs, which require highly complicated numerical techniques to solve them. Therefore, these models are not suitable for control system design. In this paper, utilizing system identification techniques, the ANFIS model developed from the input-output data of the conveyor-belt grain dryer has shown its remarkable ability in representing the real system as a control-oriented model suitable for control system design. A simplified PID-like ANFIS controller was utilized as a feedback controller to control the drying process. This controller has several advantages over its conventional ANFIS counterpart, particularly the reduction in processing time and memory resources. A real-coded GA was used to train this controller in order to avoid the necessity for the teaching signal, which is difficult to provide if the ANFIS network is to be trained as a feedback controller by derivativebased optimization techniques. The GA was also used to find the optimal settings for the input and output scaling factors for the ANFIS controller. From the simulation results, the simplified ANFIS controller has achieved good control accuracy in controlling the conveyor-belt grain dryer represented by the ANFIS model. In addition, from the robustness tests, this controller has shown a remarkable ability in eliminating the effects of external disturbances. Finally, based on a comparative study, the PID-like ANFIS controller has shown its superiority over a genetically tuned conventional PID controller to control the grain drying process.
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